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Figure 1: LV-Linker System Overview

ABSTRACT
Data-driven mobile design as an important UI/UX research tech-
nique often requires analyzing recorded screen video data and
time-series usage log data, because it helps to obtain a deeper un-
derstanding of fine-grained usage behaviors. However, there is a
lack of interactive tools that support simultaneously navigation of
both mobile usage log and video data. In this paper, we propose
LV-Linker (Log and Video Linker), a web-based data viewer system
for synchronizing both smartphone usage log and video data to
help researchers quickly to analyze and easily understand user be-
haviors. We conducted a preliminary user study and evaluated the
benefits of linking both data by measuring task completion time,
helpfulness, and subjective task workload. Our results showed that
offering linked navigation significantly lowers the task completion
time and task workload, and promotes data understanding and
analysis fidelity.

CCS CONCEPTS
•Human-centered computing→Ubiquitous andmobile com-
puting; Systems and tools for interaction design; Visualiza-
tion systems and tools.
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1 INTRODUCTION
Objective data collected from smartphones facilitate mobile user
interface and experience (UI/UX) design. Unlike self-reported user
data, user interaction and app design data-driven design leverage
fine-grained analyses of interaction behaviors such as app use rou-
tines, and reaction behaviors [3]. For example, UI/UX researchers
can improve the accessibility of app interactions by examining
frequent usage patterns. Furthermore, developers and data scien-
tists can use objective usage data, along with passively collected
sensor data, to enable novel data-driven computing services as
well (e.g., digital phenotype, usability & performance testing, app
development, privacy and security, data quality check) [12].

Objective usage data, which is mainly used in data-driven UI/UX
research for smartphone usage behavior analyses, include screen
recorded video data and time-series log data. Screen-recorded video
data can be collected by using a smartphone system built-in or third-
party screen recording app, and collecting the smartphone screen
and surrounding context through a wearable camera [2, 9]. Screen-
recorded video data shows detailed smartphone usage information,
helping researchers to easily identify the user behavior patterns
without learning difficulties. Time-series log data consists of diverse
data sources and types: smartphone app usage history & status
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(e.g., foreground/background state & time, app name, screen state),
touch interaction type (e.g., click, double click, scroll, typing), and
touch interaction target (e.g., button, UI view hierarchy/elements,
typing letter, notification) [12]. Those log data types are time-series
numerical, categorical, and text data.

Log data has many advantages to analyze smartphone usage
behavior compared to screen-recorded video data. Log data is easy
to remove sensitive data through preprocessing and perform data
analysis (e.g., statistical analysis and machine learning) and protect
privacy issues when compared with screen recorded video data
which captures a lot of personal information [10]. Furthermore,
even if large-scale log data are collected for a long time, the required
storage is relatively small compared to the video data. Log-data
analysis allows researchers to quickly find and analyze a specific
event of interest via simple text matching, whereas video data anal-
ysis requires complex computer vision techniques. Since log data
can easily identify smartphone usage behavior, it is currently used
in various research fields more than screen recorded video data
to quantitatively analyze smartphone user behavior [1]. Further-
more, log data is widely used by developers or data scientists, but
it is relatively less familiar to UI/UX researchers and designers or
novice researchers. Log data analysis has a steep learning curve
compared to video data analysis. Learning various smartphone us-
age log data types (e.g., user interaction log, system & device log,
surrounding context log, physical activity log) and attributes (e.g.,
event, value) associated with smartphone usage behavior requires
professional knowledge. Unfortunately, existing data collectors lack
user-friendly data navigation features (e.g., AWARE [8]).

A simple solution is to synchronize the timestamp of log data
and video data to visualize both data simultaneously. Most exist-
ing studies linked video and animation/text for audio description
[11, 13, 15, 21]. Synchronized multi-modal usage data were also
used by researchers. Morrison et al. [14] proposed a system replayer
that can summarize statistical data or focus on specific factors of
interest by synchronizing images taken while using mobile systems
and logs generated from the system. Brown et al. [2] conducted
a systematic study that allows users to check wearable cameras
in which surrounding environments are recorded for user experi-
ence recording when using smartphones. However, there were no
previous studies that link time-series smartphone usage behavior
log data and video data to support fine-grained smartphone usage
behavior analyses.

Therefore, we develop a Log and Video Linker (LV-Linker) sys-
tem that connects smartphone screen recorded video data and time
series log data. LV-Linker is a viewpoint movement interaction
system that synchronizes the timestamp of screen recorded video
and time-series log data and moves the viewpoint of one data point
as well as the viewpoint of another data. Through this proposed
system, researchers can easily understand the meaning of time-
series log data by watching the corresponding screen recorded data
in real time. Furthermore, researchers can analyze smartphone us-
age behavior patterns quickly and accurately by stitching multiple
data sources. We evaluate the proposed system by comparing the
performance of the proposed linked system and unlinked system
in terms of user behavior analysis. In addition, we examine how
the prior experience of data-driven UI/UX research affects the use
of the proposed system.

Figure 2: The user interface of LV-Linker: (a) log viewer, (b)
video player, (c) dropdown for video selection, (d) link/unlink
toggle switch, (e) task sheet, (f) filter function

2 LV-LINKER: LINKING USAGE LOG & VIDEO
2.1 System Description
We developed LV-Linker to help researchers evaluate how linking
user’s smartphone usage logs and videos affects data quality check
(correctness), fast data analysis, and log data understanding. Log
viewer shows the processed logs in the form of a spreadsheet as
shown in Figure 2 (a). The video player shows the smartphone
usage video that records users’ smartphone usage behavior pattern
on the smartphone in Figure 2 (b). It supports a basic seek bar to
change into a specific frame. The users can select the video with the
dropdown menu as depicted in Figure 2 (c). LV-Linker integrates
the log viewer that shows the processed logs in a spreadsheet into
the video player that shows user behavior on the smartphone as
depicted in Figure 2. We added a toggle switch to measure the
effects of linking only to link or unlink the log and video in the
same UI as shown in Figure 2 (d).

We used a custom app usage logger by Android built-in APIs
[4–7] to collect the usage log data such as the app usage status (e.g.,
start & end time, app & package name), notification (e.g., posted,
app & package name), and typing event (typed letters & time, app
& package name), touch interaction type (e.g., click), device event
(screen on/off, battery status, power on/off), call & SMS logs. The
usage log data consists of metadata such as timestamp, datum type,
and JSON data with various attributes (e.g., package name, app
name, type, is posted). Our system appends metadata to the parsed
JSON data and presents the data on the sheet.

As shown in Figure 2 (f), users can select the data they want to
see using the filter function on the log viewer. The filter consists of
two stages: (1) Show/Hide columns, and (2) Filter by the value of the
selected column. The columns are grouped by datumType, which
is the type of app usage log data (e.g., app usage event, notification,
key log, and device event) because each datumType has different
sets of columns. For example, in our experimental tasks, we used a
filter feature to exclude non-relevant columns and datum types (e.g.,
device event, call & SMS, touch interaction type). In this case, the
remaining logs include APP_USAGE_EVENT, KEY_LOG, and NO-
TIFICATION datumType. The remaining columns are timestamp,
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datumType, type (e.g., app usage interaction type), name, package
name, currentKey, timeTaken, and isPosted.

The app usage log and video data are synchronized based on
the timestamp. Thus, when users select a specific frame on the
video player, the log viewer highlights a log recorded at the same
frame. Conversely, when the users select a specific log on the log
viewer, the video player seeks the corresponding time frame on the
video player. Furthermore, the system embedded the task sheet for
participants to immediately copy and paste the required analysis
results as depicted in Figure 2 (e). The system was implemented
and deployed on the web frontend based on TypeScript and React.

3 PRELIMINARY EVALUATION
3.1 Methods
To showcase the benefits of LV-Linker, we consider the following
data analysis tasks that could be used in the usability evaluation
experiments. Twelve videos were recorded by a smartphone screen
recording app at different times. Each video contains 6-minute app
usage behaviors of the five app tasks (answering a call, sending a
message, taking and deleting pictures, sharing a route, and trans-
ferring money) which are the most frequently used smartphone
apps [19, 20]. We ordered these videos randomly and placed them
within the dropdown menu so that participants can move on to the
following video for every task as depicted in Figure 2 (c).

We recruited eight postgraduate students (5 female, 3 male) from
HCI research laboratories. Before experiments, participants were
asked to perform a preliminary survey. The preliminary survey
asked questions about prior knowledge of smartphone usage log
data. Through this survey, participants were classified into experi-
enced groups (two people) and non-experienced groups (six people).

Then, we explained the LV-Linker system and the four tasks the
participants should perform. Four tasks are selected based on the
app usage data analyzed in previous studies [16–18]. The detailed
description of each task is below.

• Task 1. App keyboard typing analysis: Finding text typed
information in the SMS app and a time interval between two
entered specific letters.

• Task 2. The number of app transition analysis: Finding the
number of app transitions between camera & gallery app.

• Task 3. App usage start/end time analysis at a different time:
There are two videos recorded at different times and log
data which includes logs in two videos. In the first video,
participants find the time when the notification was posted
and the message was shared on Google Map. In the second
video, participants find the time when the notification was
unposted and the SMS app ended.

• Task 4. App usage start/end time analysis in continuous time:
Finding when an app started and ended in the banking app.

In the main experiment, participants were divided into two
groups (group A and B) according to the order of use of the linked
and unlinked systems, and performed the above four tasks. Group A
used the unlinked system after using the linked system, and group
B is in the reverse order. The total experiment was 90 minutes
long. We asked for the same four tasks for each session so that
participants work on two iterations (2 practice and 2 main). In the
practice session, participants learned how to use the system and

basic knowledge of app usage data. For the system evaluation, we
measured the task completion time and conducted a post-survey;
i.e., a helpfulness survey and the NASA Task Load Index (NASA-
TLX) survey. Task completion time was measured every time par-
ticipants finished each task by a stopwatch. The post-survey asked
questions about the helpfulness of the linked system for four tasks
as 5-point Likert scales from three perspectives: 1) correct analysis,
2) quickness analysis, and 3) data understanding. We measured
cognitive load using NASA Task Load Index (NASA-TLX) when
analyzing smartphone usage data with linked and unlinked systems,
respectively. Lastly, we asked for user feedback about the system.

3.2 Results
We examined the normality of Kolmogorov-Smirnov and Shapiro-
Walk to determine statistical analysis methods. The two-way mixed
ANOVA repeated measures (RM) and Tukey post hoc are used.

3.2.1 Task Completion Time. In all participants and all tasks, the
task completion time was reduced compared to the unlinked system.
In terms of learnability, the main session of task completion time
was much shorter compared to the practice session. In particular,
group A, which used the linked system first, has much less task
completion time than the practice session in the main session com-
pared to group B. Accordingly, the linked system can help users to
understand the log data, so the learning effect was high when the
users used the linked system first. The difference in task completion
time within linked/unlinked systems and between expert/novice
groups was significant in Task 2, 3, not Task 1, 4 (p<0.05). Because
Task 1, 4 is easier (see more video than log) than Task 2, 3. There-
fore, the more difficult the task is, the more effective the linked
system is than the unlinked system, and this tendency may vary
more depending on the prior experience of using data.

3.2.2 Helpfulness & Task Workload. In the helpfulness survey, 75%
of respondents answered that the linked system was more helpful
than the unlinked system in terms of data understanding, correct-
ness, and quickness as shown in Figure 3. Especially they answered
that the linked system was more helpful than the unlinked system
in Tasks 3 and 4 in Figure 4. Therefore, the more difficult the us-
age behavior analysis task is, the more helpful the linked system
is in terms of data understanding and accurate and fast analysis.
Through this survey, we found that the linked system helps users
quickly and correctly analyze smartphone usage behavior and eas-
ily understand each log. In the NASA TLX survey, the average load
reduction of the linked system compared to the unlinked system of
NASA TLX among all participants in the experiment was perfor-
mance (42%), physical demand (35%), temporal demand (31%), effort
(30%), mental demand (24%), and frustration (20%) as shown in Fig-
ure 5. We found that the linked system had a lower load compared
to the unlinked system in both expert and novice groups.

3.2.3 Subjective User Experience Reports. We received short an-
swers on the advantages & disadvantages of linking log & video and
system improvements from all participants. Participants responded
that linking was very helpful for quickness and data understanding.
In particular, the linked system was helpful to reduce fatigue caused
by tasks by minimizing scrolling when finding specific logs in the
entire data. Non-experienced participants said that it was good to
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Figure 3: Helpfulness of Linked System

Figure 4: Helpfulness of Linked System for each Task Result

Figure 5: NASA Task Load Index Result

intuitively know which data is related to which activity. Experi-
enced participants said that the location where the log starts can be
immediately found through the video, so the action of scrolling to
the corresponding part is omitted, which is likely to increase speed.
As a system improvement, they responded that it would be good to
add a function to automatically pause the video when certain log
data is selected during video playback, and a function to label log
event information on the video progress bar.

4 CONCLUSION AND FUTUREWORK
This study proposed an interactive visualization tool that supports
a linked view of smartphone usage log and video data. A simple ex-
periment was conducted to verify the effectiveness of smartphone
user behavior analysis through quantitative and qualitative evalua-
tion. The proposed LV-Linker system is expected to support diverse
smartphone usage behaviors for data-driven UI/UX research. In
future work, the LV-Linker system can be enhanced to examine

data quality issues and identify the user behavior analysis of diverse
touchscreen-based smart devices (e.g., smartwatches).
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